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Background: Previous literature shows systematic differences in health according to socioeconomic status (SES).
However, there is no clear evidence that the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
infection might be different across SES in Portugal. This work identifies the coronavirus disease 2019 (COVID-
19) worst-affected municipalities at four different time points in Portugal measured by prevalence of cases, and
seeks to determine if these worst-affected areas are associated with SES. Methods: The worst-affected areas were
defined using the spatial scan statistic for the cumulative number of cases per municipality. The likelihood of
being in a worst-affected area was then modelled using logistic regressions, as a function of area-based SES and
health services supply. The analyses were repeated at four different time points of the COVID-19 pandemic: 1
April, 1 May, 1 June, and 1 July, corresponding to two moments before and during the confinement period and
two moments thereafter. Results: Twenty municipalities were identified as worst-affected areas in all four time
points, most in the coastal area in the Northern part of the country. The areas of lower unemployment were less
likely to be a worst-affected area on the 1 April [adjusted odds ratio (AOR) ¼ 0.36 (0.14–0.91)], 1 May [AOR ¼ 0.03
(0.00–0.41)] and 1 July [AOR ¼ 0.40 (0.16–1.05)]. Conclusion: This study shows a relationship between being in a
worst-affected area and unemployment. Governments and public health authorities should formulate measures
and be prepared to protect the most vulnerable groups.
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Introduction
I
n December 2019, an outbreak of a novel coronavirus began in the
Chinese city of Wuhan. Later named severe acute respiratory syn-
drome coronavirus 2 (SARS-CoV-2), the virus spread beyond
China, and is currently the greatest pandemic experienced by the
vast majority of this generation.1 On 11 March 2020, the World
Health Organization (WHO) declared coronavirus disease 2019
(COVID-19) a pandemic; 2 days later, it was reported that Europe
became the epicentre of the pandemic, with more cases reported on
the European continent than in China. As of 20 September, more
than 30 million cases were recorded and more than 950 000 deaths,2
causing substantial financial and societal impact worldwide.3
There is little understanding of the distribution of health risk
associated with COVID-19 across different socioeconomic levels.
Previous literature shows systematic differences in health and mor-
tality between persons with higher and lower socioeconomic pos-
ition, whether measured by income, education or occupation.4,5
Those differences are observed not only between the most and the
least privileged but also in a gradient pattern, i.e. health deteriorates
every step down the social position.6 The socioeconomic gradients
are present in the health-related behaviours (such as smoking and
drinking) and in the occurrence of health problems, disease and
ultimately death.6 Even more worrisome, this gradient is persistent,
despite the health systems coverage and all the public health efforts.
In most European countries, inequalities have grown more acute
over time, sometimes with large variations in magnitude.7
In the context of the current coronavirus pandemic, there are
some concerns that its incidence may not be equally distributed,
and that it could exacerbate the existing health gap. This idea is
not new, as historically pandemics have struck harder the poorest
elements of society.8 In fact, from around the world new (as yet
preliminary) data are emerging, revealing that some deprived com-
munities and ethnicities are facing a greater disease burden and
mortality.9–11
Although the literature about the subject is scarce, we can hy-
pothesize that some of the factors underlying the presence of socially
patterned COVID-19 infection rates and deaths are common to the
existence of socioeconomic inequalities in general health and mor-
tality. During several stages of the disease, many inequalities can
emerge: (i) the level of exposure may be different, so the risk of
being infected would be socially patterned; (ii) the consequences of a
positive diagnosis might be more severe in some groups than others;
and (iii) the effects of the disease could be disproportionately dis-
tributed across society, and could remain long after the crisis has
passed. These possibilities are further addressed below.
While the virus does not recognize a person’s social stratum,
persons’ who are more socioeconomically deprived might be at
greater risk of exposure. Individuals with lower education might
have greater difficulties accessing information about SARS-CoV-2
infection, which could interfere with their understanding of prevent-
ive measures such as physical distancing and the proper use of a
mask. They also may lack knowledge about where to go to obtain
testing and recommendations for isolation. Education and literacy
are important determinants of disease onset and have often been
associated in research with the transmission of infectious diseases.12
Compliance with public health measures could be lower among less-
educated individuals. Some authors argue that education is associ-
ated with differences in how individuals discount the future,13 sug-
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one might also be less willing to accept hardship linked to disease-
prevention measures today. Also, according to economic theory, risk
perception and aversion may differ according to education levels.14
Adverse living conditions and poor neighbourhoods might be
responsible for higher risk of infection. Higher population density,
use of crowded public transportation and overcrowded houses are
important determinants of infectious diseases. Those determinants
have previously been associated with infectious diseases, such as
tuberculosis.15 Additionally, the strategies to reduce the risk of in-
fection include good handwashing and hygiene, which are difficult
in the absence of an adequate supply of running water and/or sani-
tation facilities at homes and workplaces. Overcrowding in the home
might make self-isolation difficult or even impossible. Persons living
in enclosed places in proximity to others, such as in nursing homes,
prisons or other correctional facilities, are of great concern. Under
normal circumstances, these living conditions are already challeng-
ing in terms of public health, and they might enhance the transmis-
sion of the COVID-19 infection. Income inequality has also been
previously linked to adverse health outcomes in a variety of ways,
including the fact that poor persons will be at greater risk, and this
could spill over to other socioeconomic groups, decreasing health
for the society as a whole; and through the erosion of social cohe-
sion, cooperation and support.16
Absence of job security, adequate pay and social support might
make it difficult to stay at home. People who work in non-speci-
alized jobs might be more exposed to infection because they cannot
maintain physical distance, they may be unable to work from home,
or because they are subject to populated workplaces or must use
overcrowded public transportation to commute to and from work.
During the 2009 H1N1 pandemic, in the USA, the incidence of
influenza-like illness was associated with work-related inability to
engage in physical distancing and household crowding, and these
social factors were more prevalent among vulnerable populations
such as Hispanics.17
In sum, the literature suggests that SARS-CoV-2 exposure could
have important social determinants. Also, the different measures
implemented during the several stages of the pandemic to reduce
personal contacts and slow the spread of the COVID-19 cases might
have unequal effects across different socioeconomic groups. The
idea that SARS-CoV-2 infection might be different across
socioeconomic strata is especially worrying since those factors can
exacerbate the socioeconomic differences in the long run, perpetu-
ating health inequalities. In addition to being avoidable and unfair,
in the long run health inequalities might contribute to rising health-
care and social security costs, and might even hinder economic
growth.18,19 Understanding patterns of the disease would allow gov-
ernments to devise measures and be prepared to protect the most
vulnerable groups. Thus, this work identifies the COVID-19 worst-
affected areas at four different time points in Portugal, measured by
incidence of cases, and seeks to determine if these worst-affected
areas are associated with socioeconomic factors. This will contribute
to the research addressing the determinants of COVID-19 by study-
ing the ecological-level social determinants of COVID-19 cases
which, to the best of our knowledge have not previously been
explored in Portugal.
Methods
We highlighted above that inequalities could emerge during expos-
ure. However, inequalities might present different patterns at differ-
ent time points. Our analyses will thus be structured according to
those time points. Using different time points allows to capture if
different measures implemented in the several stages of the pandem-
ic had unintended effects across different socioeconomic groups.
Figure 1 shows the evolution of confirmed cases of COVID-19 in
the first months of the pandemic. According to the Portuguese
Directorate-General of Health (DGS), between the 1 April and 1
May, 17 000 new cases were recorded. During this same period,
most European countries had implemented measures to reduce
the spread of the disease. Portugal established a state of emergency
and a nationwide lockdown on the 19 March (Decreto do Presidente
da República n.  14-A/2020), and restrictions started to be gradually
relaxed in May (Decreto do Presidente da República, n.  20/2020;
Resoluç~ao do Conselho de Ministros n.  33-A/2020). By the end of
that month, Portugal had 32 000 confirmed cases. During June
10 000 additional cases of COVID-19 were confirmed in Portugal,
representing a 30% increase in a single month, bringing the total
number of cases to over 42 000. Our analysis therefore examines
four points in time: 1 April (after the peak and during lockdown), 1
Figure 1 Evolution of the number of confirmed cases of COVID-19 in Portugal, 2020 (Source: Portugal Directorate-General of Health).
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May (1 month after lockdown), 1 June (1 month after the end of
lockdown) and 1 July (2 months after the end of lockdown).
Data and variables
The number of cases was taken from the website of the Portuguese
Directorate-General of Health (DGS) dedicated to the COVID-19.
The explanatory variables were extracted from Statistics Portugal
(INE, 2020). Since individual data on socioeconomic status is not
available, we used municipality-based socioeconomic variables as a
proxy of individual socioeconomic conditions and provide informa-
tion about the municipality’s living conditions.20 The municipality-
based socioeconomic conditions were proxied by income level, un-
employment and Gini coefficient since this was the information
provided by Statistics Portugal at the municipality level. These var-
iables reflect the baseline characterization of socioeconomic condi-
tions, i.e. before the pandemic (pre-COVID-19). The variables used
in the study and the sources are described in table 1. The variables
were measured at the municipal level.
Analysis
The authors first computed the cumulative number of COVID-19
cases per municipality at the four different time points under con-
sideration. Then the worst-affected areas were identified using the
spatial scan statistic at each time point. The dependent variable used
by the spatial scan statistic was the number of COVID-19 cases
divided by the population in each municipality. This methodology
was proposed by Kulldorff21 and tests the existence of significant
spatial disease clusters. At each point, the geographical units were
Portuguese municipalities (n¼ 308). SaTScanTM software was used,
and circular window shapes and isotonic spatial scan statistics were
applied.
Then, crude and adjusted odds ratios (AORs) were estimated for
the likelihood of belonging to a worst-affected area using logistic
regressions as a function of baseline area-based socioeconomic var-
iables (pre-COVID-19) and health services supply. R version 3.6.2
was used for this purpose.
The analyses were repeated for all four time points of the pan-
demic: 1 April, 1 May, 1 June and 1 July.
Results
Figure 2 indicates the location of the areas worst-affected by
COVID-19 at the four time points of analysis. There were 74 munic-
ipalities identified at least once as a worst-affected area, and 20 of
these were identified at all four time points. Most of the worst-
affected areas were located in the northern coastal area of the coun-
try, including the municipality of Porto and the neighbouring
municipalities (more details about the municipalities are in
Supplementary Files S1 and S2). Lisbon, too, was considered a
worst-affected area throughout the whole period of analysis, and
in June and July, some adjacent municipalities were also included
in the worst-affected areas. Similarly, the municipality of Coimbra
was included as a worst-affected area, with some adjacent munici-
palities included in June and July. By July, there were 60 municipal-
ities with COVID-19 rates significantly higher than the rest of the
country. These included the three cases mentioned and a cluster of
municipalities in the northernmost part of the country. The Alentejo
region had single-municipality clusters during some periods, while
the Algarve region revealed no worst-affected areas at the time
points analysed.
Table 2 shows the crude odds ratio (OR) and AOR for the logistic
regressions using the worst-affected areas as the dependent variable
(more details are in Supplementary File S3). The likelihood of being
in a worst-affected area was positively associated with the popula-
tion density at the several time points [e.g. AOR¼ 2.54 (1.61–4.02)
on 1 July]. The likelihood of being in a worst-affected area was
generally associated with areas of higher unemployment rates on 1
April [AOR ¼ 0.36 (0.14–0.91)], 1 May [AOR¼ 0.03 (0.00–0.41)]
and 1 July [AOR¼ 0.40 (0.16–1.05)]. The remaining variables were
not significantly associated with the likelihood of being in a worst-
affected area, and the AOR were not consistent across the several
time points.
Discussion
Earlier research reports the existence of systematic differences in
COVID-19 cases and mortality between people with higher and
lower socioeconomic position in several countries.22,23 However,
prior to our research there was no clear evidence that SARS-CoV-
2 infection had different effects across the pre-existing socioeco-
nomic groups in Portugal. We therefore undertook to identify the
areas worst-affected by COVID-19, measured by incidence of cases,
and test if those worst-affected areas revealed a socioeconomic pat-
tern at several time points of the pandemic.
The results identify 20 municipalities as worst-affected areas at all
four time points, most of which were in the northern coastal area of
the country, including the municipality of Porto and neighbouring
municipalities. This study shows an association between being in a
worst-affected area and the unemployment rate and population
density in that area, but not with the other socioeconomic variables,
such as average earnings in the municipality or the inequality of the
municipality. The areas of lower unemployment were less likely to
be a worst-affected area on 1 April [AOR ¼ 0.36 (0.14–0.91)], 1 May
[AOR¼ 0.03 (0.00–0.41)] and 1 July [AOR¼ 0.40 (0.16–1.05)]. The
inclusion of some municipalities amongst worst-affected areas was
greatly influenced by local outbreaks during this period, as reported
by Moura and Reguengos de Monsaraz.
Table 1 Variables, sources and definitions
Variable Definition Source
COVID-19 cases
Confirmed cases Number of cumulative confirmed cases per day by municipalities. DGS, 2020
Demographics
Population Number of residents per municipality. INE, 2018
Older than 65 years old (%) Percentage of residents more than 65 years old per municipality. INE, 2018
Male (%) Percentage of male residents per municipality. INE, 2018
Population density (log) Number of people resident per square kilometre in the Portuguese municipalities (Logarithm). INE, 2018
Health services
Doctors/1000 inhabitants Number of registered doctors per municipality per 1000 inhabitants. INE, 2018
Socioeconomic variables
Unemployment Number of persons registered as unemployed at the Portuguese public employment service (Instituto de
Emprego e Formaç~ao Profissional, IEFP) divided by the number of residents (25–64 years old).
IEFP, 2017
Earnings Average monthly earnings by municipality (e). INE, 2017
Gini coefficient Gini coefficient for the declared gross income, subtracted from the income tax. INE, 2017
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The likelihood of being in a worst-affected area was associated
with higher unemployment rates. In the face of unemployment,
people might seek other, informal income sources, and such work
might expose them to greater risk of infection. The municipalities
with higher unemployment are probably also the most deprived,
with a large share of population lacking access to computers and/
or internet connection, which are necessary for working from home.
It is thus likely that these persons must leave home for work, and are
more dependent on public transportation and more subjected to
overcrowding conditions.24,25 This in turn hinders their ability to
maintain social distancing and/or avoid populated places.
We were unable to obtain information regarding education levels
across the municipalities. However, unemployment could reflect
education levels in the municipality.26 People with higher education
levels might seek more and higher quality of information about
SARS-CoV-2 infection by selecting adequate sources of information.
On the contrary, people with lower education could have difficulties
understanding preventive measures, and how to access information
about recommendations for isolation.
The association with population density was consistent across the
four time points analysed. Without any restrictions, one may expect
that more populated areas have a higher incidence of COVID-19
cases simply because areas with more people have a greater chance of
crossing paths with an infected individual and spreading the disease.
Similarly to other infectious diseases, population density might be
an important factor in spreading the disease. People living in dense-
ly-populated areas might have difficulty with social distancing, even
in times of lockdown.
We found no evidence of an association between being in a worst-
affected area and earnings or inequalities by municipality. This is
probably due to the fact that average earnings data and gini coeffi-
cient refer to full-time employees with full earning, omitting other
types of income. Note that in Wuhan (China) areas with higher
GDP per unit of land area were associated with lower rates of
COVID-19 morbidity27; in Barcelona districts with the lowest
mean earnings had the highest incidence rates, while areas with
highest mean earnings had the lowest incidence rates.28 Another
explanation for the lack of association with monthly earnings and
gini coefficient is the fact that those variables are aggregated by
municipality. This could obscure the differences observed at the
municipality-level. The variable ‘doctors per 1000 inhabitants’ was
only a proxy for access to testing, since we did not have those
numbers per municipality. However, testing was not restricted to
traditional healthcare facilities, which could explain the absence of
significance.
In our findings, hospitalizations and mortality were associated
with socioeconomic status. There was substantial variation in rates
for COVID-19 hospitalizations across boroughs in New York City,
with higher rates of hospitalization in regions with more people
living in poverty and lower levels of educational attainment.29
Another study in the United States found evidence that in a nation-
wide perspective, states with higher income inequality had higher
COVID-19 mortality rates.30 Unfortunately, we had no data for
mortality per municipality to test for these relationships.
This study has some limitations. Individual-level data are not
available. Thus, this study might suffer from ecological bias, i.e.
attributing population characteristics to persons living in those geo-
graphical areas. Using municipal level as a unit of analysis might
have hidden much of the variation within the municipalities.
Additionally, the lack of information about the number of tests in
each municipality is crucial. We assume that some municipalities
have a higher incidence rate than others, simply reflecting the fact
that more tests were performed, thereby skewing the incidence-rate
data amongst municipalities. Due to data unavailability, we did not
include in our analysis information that could have played import-
ant roles in the spread of the infection, such as proportion of people
working in different economic sectors, mobility and high tourist
areas. Finally, the results of these analyses are largely influenced by
the quality of the reported data. A recent study showed increasing
measurement errors in three different datasets: two international
(World Health Organization and European Centre for Disease
Prevention and Control), and a national (Chinese Center for
Disease Control and Prevention).31 The measurement errors
detected in these datasets included negative numbers and outliers
Figure 2 Geographic distribution of worst-affected areas of COVID-19, Portugal 2020.
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on specific dates; variations in calendar date according to the oc-
currence, notification and recording of cases leading to day lag be-
tween datasets; and differences by which cases were reported (either
laboratory-confirmed, clinically diagnosed, or both).32 It is under-
standable that errors occur, given the unprecedented context of the
pandemic. Nonetheless, these jeapordize data comparability, as do
variations depending on the dataset chosen.
These inequalities might not finish with the end of the pandemic.
The consequences could be visible and pose problems for popula-
tions and researchers for many years. If the COVID-19 pandemic is
inducing more inequality, as suspected, post-pandemic contexts
could be even harsher for individuals with lower socioeconomic
backgrounds. In a scenario of substantial economic slowdown, peo-
ple who are already in the most fragile situations are going to be the
most affected. For example, since people in precarious working
conditions cannot work from home, with the implementation of
social isolation measures and lockdown these individuals are unable
to work during the pandemic. Individuals with lower education and
poorer jobs are more likely to be subjected to lay-off measures and
unemployment.25 Also, due to low-income levels, they would likely
have fewer savings to help them cope with expenditures during
economic slowdown.32 Finally, being subject to physical distancing,
isolation, uncertainty about the future, and lack of control of their
lives, coupled with challenging economic situations (possibility of
unemployment, reduced income levels) can increase stress and anx-
iety, which might introduce or exacerbate mental health issues
amongst the most vulnerable groups. Several authors report a link
between economic recessions and depression, alcoholism and sui-
cide rates.33,34 Previous economic crises have showed us that their
impact on health depends on the protection given by social cohesion
and by the social welfare state.17
Understanding the patterns of disease allows governments to de-
vise measures and be prepared to protect the most vulnerable
groups. The analysis of geographic patterns of COVID-19, as per-
formed in this study, is valuable to understand trends in transmis-
sion and assist decision-making processes; justifying why studies
have been developed in different countries.35 Using the spatial
scan statistic, a study in the USA identified emerging clusters, which
should be prioritized in the implementation of measures and re-
source allocation.36 In Kuwait, intervention measures targeting vul-
nerable populations (migrant workers) lowered the number of
clusters.37 In Equador, differences in COVID-19 mitigation strat-
egies resulted in specific incidence and epidemic growth clusters.38
Clusters identified in South Korea were smaller than previous ones
in both size and duration, providing evidence on the effectiveness of
mitigation strategies.39 These studies illustrate the potential in iden-
tifying trends in COVID-19 transmission, worst-affected areas and
contextual factors. However, we need better information to monitor
and evaluate those trends—namely more information regarding in-
dividual socioeconomic conditions, on a regular basis, and informa-
tion on testing, at the neighbourhood level.
Earlier literature suggests that COVID-19 could have a socioeco-
nomic pattern. This study confirms the existence of socioeconomic
determinants in COVID-19 infection, finding an association be-
tween unemployment and COVID-19 incidence.
Supplementary data
Supplementary data are available at EURPUB online.
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